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Abstract

GARCH (Generalized Autoregressive Conditional
Hetero-scedasticity) is a macro level model to estimate
the volatility of financial markets. Although the model
is very fundamental in the financial and economic
domain, however, there have been no clear explana-
tion about the model from the micro-level financial
behaviors. This paper develops agent-based simulation
models, which consists of simple agents with rational
and/or non-rational decision making functionalities
for investment. Using the simulation model with both
rational and non-rational agents, the paper has shown
that the behaviors of the non-rational agents with the
characteristics of prospect theory coincide with the
estimation by GARCH model.
Key Words: Multiagent-based simulation for eco-
nomic issues, Society dynamics, Self-organizing sys-
tems and emergent organization, Financial Engineering

INTRODUCTION

Understanding the mechanisms of financial markets is crit-
ical because of the rapid deployment of e-commerce and
the rigidity of economic systems. So far, economic analysts
have used macroscopic mathematical models to understand
the mechanisms. The classical models in finance are analyt-
ical, thus, make assumptions regarding the market and the
behavior of individuals operating in the market. The rela-
tions of such analytical models and the mental models of
the individuals or agents have not become clear, yet (Arthur
1997), (Levy 2000). We do not have had rigid foundations
of the validity of the macro-level analytical models. In this
paper, we address agent-based approach and develop simu-
lation models to evaluate financial market behaviors.

The rest of the paper is organized as follows: In Section
2, define the problems we would like to uncover. In Sec-
tion 3, we describe our agent-based simulation models, then
in Section 4, using the models, intensive experiments are
carried out. Section 5 is devoted to the discussion of the ex-
periments and related work. In Section 6, some concluding
remarks will be given¯
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OBJECTIVES OF THE RESEARCH

The following three models are often used to estimate
the volatility of stock market data: Ordinary Least Squire
(OLS) Model, Generalized Autoregressive Conditional Het-
eroscedasticity (GARCH) Model (Bollerslev 1986), 
Asymmetric GARCH Model (Glosten 1993). If the agents
would follow the usual assumptions of the analytical mod-
els: they are rational about market information and maxi-
mize their expected utilities, they have homogeneous expec-
tations regarding future distribution of returns, they all have
same holding period, and so on. OLS model would coincide
with the real market phenomena.

OLS Model:

ct ’~’ N(0, a2), where 2 isconstant,

GARCH Model:
q

4 : a ÷ a,. 4-, ÷ o2¯
t--i~

i----1 i=l

Asymmetric GARCH Model:

P q

/=1 /=1

1 ifet_i<0
St--i = 0 if Et--i >__ O,

where,t,y,e, and as are time periods, estimation values,
errors, and the variance of Normal distribution, respectively.
The coefficients of a, b, and c are respectively parameters to
be determined by real data. The analytic models so far are
only able to explain how OLS model works.

To apply agent-based models to financial economic do-
main, in this research, we define the following two prob-
lems. These problems have been frequently reported in the
finance literature using real world data, however, they have
not been yet uncovered (Arthur 1997), (Levy 2000).

- Examining the Roles of non-rational Agents in the
Market:
Friedman states in (Friedman 1953) that by the law of nat-
ural selection, non-rational investors should not survive and
only rational investors would remain in the market. But, the
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statements seem not to hold. We also examine this via agent-
based simulation.

- Agent Characteristics to Coincide with (A-)GARCH
Model:
As shown above, (Asymmetric-)GARCH Model shows the
best sit to the real data. Real market behaviors often show
the price change similar to the ones GARCH Model gener-
ates. Using agent-based simulation, we would like to de-
termine the agent characteristics to explain GARCH model.
Our simulation models are at the similar complexity to the
ones used in microscopic simulation (Levy 2000) and Sug-
arscape (Epstein 1996). The agents have a small set of deci-
sion rules to determine their attitudes about the market con-
ditions. They are represented by simple equations. We will
design the agents, which are neither game-theoretic ones nor
simple ones with the KISS principle in (Axelrod 1997), be-
cause we will validate the agents’ behaviors compared with
real phenomena. We also will design the agents with com-
plex functionalities as reported in (Takadama 1999), (Terano
1998). In OCS (Organizational Learning-oriented Classi-
fier System) (Takadama 1999) the agents learn rules repre-
sented by classifiers using Genetic Algorithms and change
good ones with each other. In TRURL (Terano 1998) the
agents make decisions using multi attribute decision func-
tions, communicate each other, and move around to gather
together if they have similar knowledge. Compared with
them, the agents in this paper are so simple that we are able
to analyze the characteristics of them.

AGENT-BASED MODELING FOR THE

FINACIAL MARKETS

In this section, we describe the agent-based models, which
are extension of traditional finance models. First, we de-
scribe the components of the market, then determine the
trading rules of the investor agents.

Components of the Market

The market we define on the computer consists of 1,000 in-
vestor agents. Each agent trade the assets as either individ-
ual stocks or riskless assets. At each simulation step, the
benefits or losses will occur based on the Brownian motion,
and each agent trades its asset based on its benefits/losses
and past pricing information. One of the unique points of
the agents we design is that the non-rational agents have the
characteristics with Prospect Theory in socio-psychology.
Prospect Theory is reported in e.g., Kahneman et al. (Kah-
neman 1979). The theory states the decision making model
of human beings have the characteristics that (1) the decision
is made based on the change from some reference points; (2)
the decision attitude is different when the benefit or loss will
occur; (3) the loss is considered to be larger than the benefit;
and (4) the decision is made based on subjective probability
of the events. In our agents model, the agents with Prospect
Theory think the loss is twice as much as the benefit (Kagel
1995), (Shleifer 2000). Table 3 is a summary of the market
components. Figure 1 also shows the outline of the agent
architecture.

Table 1: The Components of the Agent-Based Market Sim-
ulator

Number of Asset 1,000

Assets Stocks(1300 units) Seine Condi6on
(Two Kinds) Rislvess Asset in Arl~ur
Changes of Browr~n Motion Same Condition

Benefits in S hleife¢
Type of Investor Rational Dividond Discount Model

Agedcs Prospect Thaon/ Estimate the loss twice larger

Over Confidence Estimate the Volatlity Smaller

Trend Predictor Extrapolate the pest ten days tra~ngvahes

Figure 1 : The Agent Architecture of the Simulator

Decision Making of the Investor Agents

All the investor agents determine their asset allocation based
on the sum of (i) long term expected return ratio (SAA) 
(ii) short term expected return ratio. The model is known
as Black and Litterman Model in (Arthur 1997). The deci-
sion making strategies of the agents in our simulation model
have very small difference, the SAA part is common to the
all the agents, however, the decision on the short term ex-
pected return ratio is different. The rational agents deter-
mine the short term expected return ratio is calculated by
Forecast_short statement in Figure 3. On the other hand, the
ones of the irrational agents are determined by the same line
of the following Figures 4, 5, and 6.

In the simulation cycle, the market price is determined by
the value with which the demand and the supply are coin-
ciding. The general decision-making algorithm is shown in
Figure 2. In the following subsubsections, we explain how
the investor agents determine their short term prediction val-
ues.

Prediction of Rational Investor Agents The prediction
price of rational agents is determined by the dividend dis-
count model. The benefits of the market are open to the
agents in our model, the prediction price is computed based
on the open market price. Figure 3 illustrates the decision
making algorithm.

Prediction of Investor Agents with Prospect Theory
The agents with Prospect Theory think the loss is twice as
much as the benefit. More detail, they measure the loss twice
more than the real one when the most recent price is lower
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%input lnvester’s Information
Equilibrium..Return: Average return ratio implied by the
asset allocation (common to the all the investors)
Average return ratio : 2)~a2 stochweight + r f,
stockweight : Ratio of the amount of total stocks with the total
assets in the market
or1 : Standard deviation of long term expected return ratio
(common to all the agents, set to 1.0 x 10-a)

Forecast_short O: Short term expected return (different in
each type of agents; described below)
a2 O: Standard deviation of short term expected return
ratio (different in each type of agents; described below)
A: Ratio of risk avoidance
(common to all the agents, set to 1.25)
5: Required return ratio of the stock benefit
(common to all the agent, set to lO%/200days)
ri : Risk free rate (common to all the agent, set to 5%/200days)
Fund: Total assets of the agents(initial value: 2000(common))
%Input Lower and Upper Bounds of Investment Ratio
Lower_Bound : Lower Bound of Investment Ratio
Upper_Bound: Upper Bound of lnvestment Ratio

%Calculate The Agents Return
Return = (l/a1 * Equilibrium_Return + 1/o’20 *
Forcast_short())
/(l/a1 + 1/a20)

% Solve the optimization problem to calculate
% the optimal stock weight:w
% Max(1 + Return)w + (1 + rf)(1 - w) - 2

% s.t.w < Lower_Bound
% w >_ Upper_Bound
w = (Return - rf)l(ZAa2)

w = Upper_Bound, ifw < Upper_Bound
w = Lower_Bound, ifw > Lower_Bound

Figure 2: Decision Making Algorithm in Common

Forecast_short(Valuer) 
Valuet+l = Profitt/5 + Profitt
Forecast_short = Valuet + l /V aluet - 1.0}
% a2(){a2 = 0.2/2000.5 
% Profitt: Profit at period t (known)
% 5 : Requiredreturn ratio of the stock (= 0.2/200°’5)

Figure 3: Decision Making Algorithm of Rational Agents

than the prediction price. The prediction price is determined
by the same way of the rational agents. Figure 4 shows the
decision making algorithm.

Forecast_short (Valuer){
Valuet+l = Profitt/6 + Profitt
If(Valuer-1 < Re f erencePointValue and
Valuet+ a < Re f erencePointValue) Then
Valuet+a : ReferencePointValue -
2.25( RerencePointValue - Valued+a)
Forecast-short=(Valuet+l/Valuet - 1)(1 + e) ,where
e ,-~ g(0, 0.01)}
a20{a2 = 0.2/200°"5}

%ReferencePointValue : Past Trading Price(2 or 5 days ago)

Figure 4: Decision Making Algorithm of Agents with
Prospect Theory

Prediction of Investor Agents with Over Confidence
Characteristics The agents with over confidence charac-
teristics think the risk of the stock market smaller. For ex-
ample, the over confidence agents invest more to stocks than
the rational agents. The prediction price is computed based
on dividend discount model. Figure 5 shows the decision
making algorithm.

Forecast_short (Valuer) 
Valuet+l = Profitt/5 + Profitt
Forecast_short = Valuet + l /Value~ - 1.0}
% a20{k = 0.2,a2 = k x 0.2/2000.5}
% Profitt: Profit atperiod t (known)
% ~ : Required return ratio of the stock (: 0.2/200°5)

Figure 5: Decision Making Algorithm of Agents with Over
Confidence Characteristics

Prediction of Trend Predictor Agents The trend predic-
tor agents determine the prediction price by extrapolating
the averages of the most recent ten days stock price data.
Figure 6 shows the decision making algorithm.

Forecast_short(Valuer) 
Trend The recent 10 days average of stock price return
Valuet+l = Valuer-1 x Trend2 + Profitt x Trend
Forecast_short = Valuer+l/Valuer - 1.0}
% a20{a2 = 0.2/2000.5 }

Figure 6: Decision Making Algorithm of Trend Predictor
Agents

EXPERIMENTS
We implement the agent models in Matlab. The experiments
using the agent models in the previous section are designed
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as follows: (1) How do the over confidence agents affect
the market behaviors? (2) How do the agents with Prospect
theory affect the market behaviors? These series of experi-
ments (1) and (2) are to uncover the first research objective.
(3) Experiments to measure the volatility change in the mar-
ket. They address the second research objective.

Effects of Over Confidence Agents
We set the ratio of rational agents and trend predictor agents
to 500:500, and the trend predictor agents have over confi-
dence characteristics. From the experiments shown in Fig-
ures 7 and 8, the results are also contradictive with theoreti-
cal models. This is because the over confidence agents tend
to make much more trade than the others.
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Figure 7: Changes of Trading Prices with Over Confidence
Agents (500:500 no Constraints)
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Figure 8: Changes of Cumulative Excess Returns with Over
Confidence Agents (500:500)

Effects of Agents with Prospect Theory
We set the ratio of rational agents and agents with Prospect
Theory to 500:500, and both kinds of agents makes deci-
sions based on the expected utility maximization. From the
experiments shown in Figures 9 and 10, the results are also
contradictive with theoretical models. Interesting phenom-
ena are that when the theoretical prices decrease, the trading
prices also tend to randomly decrease. The cases also sug-
gest that if the agents would not have rational decision mak-
ing policies, the trading prices would become different from

the theoretical ones and the rational agents would have less
benefits.
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Figure 9: Changes of Trading Prices with Prospect Theory
Agents (500:500 no Constraints)

0.15

0+1

0.05

0

-0.05

-0+1

-0.15

-0+2

-0.25
0

:t ~ : :/ :
- - -d~.. - -J-~--~-.7+-.’.-~~ - - ~

¯ 2"
..... ~ - - 4 -i ~’.*,,,, .... ~ .... I- --~

- -I *--- Irrational -I .... "+F ~ - - ~- r - -
Rat onal 1

i i i i
i ~ ~

8’0 +20 40 60 100

Figure 10: Changes of Cumulative Excess Returns with
Prospect Theory Agents (500:500 no Constraints)

Analyzing Volatility of the Market

Before estimating the simulation models, We examine the
three models with real data. In each model, we will estimate
the value Yt : c + ~t.

Table 1 and 2 are summaries to apply the above three
models to real market data about MSCI (Morgan Stanley
Capital International) stock index and Dow Jones individual
stock market data, respectively. The date are taken during
recent 5679 periods.

Table 2: Applying the Models to MSCI Index

OL$ 19785 17.8 20400 19/97 18@27 20224 17277 17734 16324
18718 ~m6 19387 ,ml 1~4 ,8~7 ,ml OO5O m,1
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On the parameters of GARCH and Asymmetric GARCH
models, we use p=l, and p=l, that is, GARCH(1,1) and 
GARCH(I,1), which are most frequently used in the real
data analysis. The values of each item represents how the
real coincide with the model measured by AIC (Akaike In-
formation Criteria). The shaded items are the best fit one in
each row. From the AIC values, it is clear that Asymmet-
ric GARCH model is the best for the estimation. These real
data analysis suggests that we must develop novel theory to
be able to well explain the real phenomena in the economic
and financial domain.

Table 4: Summary of the Comparison of Model Accuracy
Simulation Number I 2 3 4 5 6 "/ 8 9 I0

GARCH 8765 8909 8819 8809 8722~!~i!~ .......8877 8728
ASYMMETRY 8766~m; 8820 8810 8724 8973 8623 8684 8878 8?30

noiseSO~ OLS ~ 9686~Q/1~! .97.82~1)~ 9782~..".-~~i
GARCH 9708 9689 9798~ 9703~i~ 9678 9798 9641 9739
ASYMMETRY 9709~:~i 9800 9782 9704 9782 9880 9799 9842 9740

trer~lS0% OLS 6589 8396 6899 8323 6688 8444 6433 6495 6842 6601
GARCH ~ ~~ ~ ~ ~ ~ ~ ~ ~i~ ~ ~
ASYMMETRY 6348 6170 6449 8153 8476 6254 6193 8293 6483 6428

Pto~pe ct
2days

Prospect
10~ys

OLS 1065310594107811063910829 10787 10873 10768 10724 10743
GARCH 10530105041~94 1055210727 10693 10777 10629 10597 10~92^SYMMETRY ~~
OLS 103~51060610535106641(~64 10722 1C655 10409 10462 10488
PJARCH 103321064410474 10591 10612 10642 IOS~ 10317 10~99 10434

Table 3: Applying the Models to Dow Jones Individual
Stock Data

ALCOAAMEREX AT&T BOU, k~ CATERPILCOC,k,04Slay DUPOHT E.I, STI4A.qEXXOH
PRESS tJLR COlA ttrO, I TI - KOO, aX MOSL

OLS ~7t~ 24~0 2N18 23M7 238~ 22015 23870 22231 22967 20281
23042 24004~-~ 23121 23182 21100 23011 21648 22223 193~4

OLS 21288 22990 26118 27728 22959 23243 21699 24524 21745 21423
29301 224,117 25650 21142 21204 22359 21178 23640 21169 20945

IaK~SO~A R4L~ PROCTER LUT~Ol[~ WAL

Ot.S 20804 22797 21919 22528 2~1~
GNICH I$g00~ 2~tl4 21981 23297

To understand the characteristics of volatility of the mar-
ket and the decision making procedures of the agents, we
apply the three models OLS, GARCH, and Asymmetric
GARCH to the agent simulator. To evaluate the accuracy
of the models, we employ AIC already shown in Tables 1
and 2.

We set various kinds of agent sets as follows: (1) Ratio-
nal agents only (2) The number of noise predictor agents
and trend predictors is set to 500:500. The noise pred!ctor
agents predict random values during the simulation. (3) The
number of trend predictor agents and rational agents is set
to 500:500. (4) The number of agents with Prospect The-
ory and rational agents is set to 500:500. The number of the
simulation experiments are 10. The results are summarized
in Table 2. Each item in the table shows the value of AIC.
The shaded items are best ones in each simulation run. The
results have suggested that in Cases (1),and (2), as implied
from the traditional analytic models, OLS model shows the
best, however, in Case (3) and (4), GARCH and Asymmet-
ric GARCH models are respectively show the best fit. Com-
pared with the real data in Table 1 and experimental results
in Table 2, we draw the conclusion that the proposed agent-
base simulation model explains the gap between the macro
level analytic models and micro level agent-based simula-
tion.

RERALTED WORK AND DISCUSSION
Conventional finance theory have developed several pre-
diction models for asset allocation price based on the as-
sumptions that the investors behave rationally, that is, they
make decisions in order to maximize their expected utili-
ties. Ingersoll (Ingersoll 1987) have investigated the forms
of the utility functions. Hawson et al. (Hawson 1993)

have reported Bayesian theoretic decision making is ratio-
nal if new information will sickeningly arrive when the time
passes. Balck and Litterman model (Black 1992) also sug-
gest that the effectiveness of Bayesian theoretic decision
making. They consider that the maco level theoretical prices
can be derived from the fundamentals of financial markets.
However, as Shiller (Shiller 2000) has suggested, real mar-
kets are developing their own theories to explain the current
prices. On the contrary to such conventional analytic mod-
els, in this paper, we employ agent-based simulation mod-
els, which are able to ground both macro level phenomena
and micro level mental models. Recent agent-based (Axel-
rod 1997), (Epstein 1996) or microscopic simulation studies
(Levy 2000) have frequently suggested the effectiveness 
the approaches. However, the research in the literature tends
to show too artificial results: The results are so good that
the desire of a model builder is already built in the models,
and they have very weak relationship to the real world phe-
nomena (Terano 1998). In the poposed models in the paper,
we have tried to address the issues. The experimental results
using the proposed models have drawn the implications: (1)
The "efficient market hypothesis" does not hold when there
are some kinds non-rational agents in the market; (2) The
roles of such non-rational agents are essential to explain the
real world phenomena, in the Market; and (3) Using macro
level (A-)GARCH model, micro level Prospect Theory, and
agent-based simulation we are able to bridge the theoretical
models and real phenomena. These statements are answers
to the issues addressed in Section 2.

CONCLUDING REMARKS
This paper have proposed agent-based simulation models for
economic and the finance domain in order to bridge the gap
between macro- and micro-level concepts. The models con-
sist of simple agents with rational and/or non-rational de-
cision making functionalities for investment to virtual mar-
kets. Although the models are so simple, but the experi-
mental results using both rational and non-rational agents
have shown that (1) the efficient market hypothesis does not
hold even if there are rational decision making agents in the
model, (2) the non-rational decision making agents remains,
even when there are some rational ones, and (3) the behav-
iors of the agents with the characteristics of prospect the-
ory coincide with the estimation by GARCH model. Our
future work includes (1) to develop automated tuning meth-
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ods for the simulators, (2) to examine both macro and micro
level theories to bridge real world phenomena and theoreti-
cal models, and (3) to develop much mode complex systems
to simulate various levels of social and economic behaviors
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